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Justifying and prioritizing roadway lighting: A Case Study of Quebec Highways 
Mahnoush Heydari 
 
Roadway lighting is an effective countermeasure capable of reducing night-time motorized 
collisions under the right circumstances. Its initial viability can be learnt through collision 
modification factors showing beneficial effects of roadway lighting on local roads. However, 
this requires time-series of data from several years before and after the implementation of 
lighting. There is a need to estimate collision modification factors of lighting from locally 
observed cross sectional data from as little as one year. There is also a lack of a practical 
method capable of replacing the complicated warrant system to support decisions of whether 
or not to illuminate roads. Such method should be able to identify and prioritize segments that 
will benefit the most from being illuminated. This research presents a method to estimate 
collision modification factors with as little as one year of data. In addition, this research 
presents a practical method that identifies and prioritizes candidate road segments for being 
illuminated. A case study of Quebec's highways found that lighting is an effective 
countermeasure and that expected benefits approximate 60% reduction in night time 
collisions. It was found that segment size plays an important role and that Bayesian data 
fusion can be used to abstract from segment size to estimate a generic collision modification 
factor. It was found that safety performance functions for desired land use and sites type can 
be used in combination with the observed number of collisions to classify those sites 
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CHAPTER 1: INTRODUCTION 
1.1 Background 
Road collisions could have negative impact on many aspects of people’s lives, including 
infrastructure damage, labour loss, serious injuries and fatalities. Transport Canada reported 
1,834 fatalities, 9,647 serious injuries, and 149,900 injuries in Canada only in 2014. During 
2012; 74,574 property damage accidents; 39,105 cases of injuries and 436 fatalities reported 
by SAAQ on Quebec road network. Also, road fatalities were ranked ninth worldwide and 
one third of fatalities in Canada in 2011, which makes road injuries one of the top ten death 
leading causes (WHO, 2013). In developed countries with high income, the significant 
percentage of road deaths is associated with motorized vehicle crashes (WHO, 2013). In 
Quebec, 67% of the fatalities related to motorized users and 18% of the road fatalities 
involved non-motorized road users (i.e., pedestrians and cyclists. Additionally, the number of 
accidents is expected to increase as more population become motorized (SAAQ, 2012). These 
statistics are clear evidence of the urgency to: (1) develop safety improvement programs and, 
(2) identify effective countermeasures capable of preventing accident occurrence and of 
reducing the social and economic expenses of injuries and fatalities. Reliable estimation of 
the level of safety (or risk) associated to each road entity (e.g., curve, ramp, segment) is 
crucial to guide the decision making that allocates safety improvements across any road 
network to obtain safer roads. In some instances, the road agency can improve the geometric 
design of the road or influence the operational characteristic deemed deficient, however, in 
others the agency is unable to, or the said improvement may not remediate the safety 
deficiency and hence the agency may want to follow a different route and addition a safety 
treatment (Hauer, 1997). The problem lies in the need to know which measure is more 
effective in mitigating crashes and their consequences, and to what degree.  
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Roadway lighting is one of such characteristics and has been thought to be a good 
countermeasure even in the presence of other geometric or operational deficiencies, because 
it increases driver visibility (CIE, 1992). The night time accident reduced 13 to 75% in 
presence or improvement of artificial lighting (Yanmaz-Tuzel and Ozbay, 2010). Night time 
accidents found to be more severe and dangerous in case of fatalities in comparison to 
daytime accidents because dark road could decrease a driver’s visual capability and ability to 
manoeuvre or respond adequately to road hazardous (CIE, 1992; Rea et al,. 2009).  However, 
only 35% of Quebec’s roads (1208 out of 3,452 kilometres of highways) have the artificial 
illumination (COMT, 2013). The amount of investment for operation and maintenance of 
roadway lighting can be justified when local data shows a significant reduction of night-time 
accident after the implementation of lighting (AASHTO, 2005). 
1.2 Problem Statement 
Most of the previous safety studies made use of the before-after approach (Hauer, 1997) to 
estimate the ability of a treatment to reduce (or undesirably increase) road crashes; better 
known as crash modification factor (CMF) in order to count with a general justification for 
investments to lit highways and roads. However, this requires records of collisions for several 
years before and after the treatment was done and evidently the knowledge of the moment of 
time when the treatment was implemented. Hence the viability of utilizing the before-after 
approach is often unviable to most agencies trying to justify with local data the benefits of 
illuminating some of their roads. In most occasions, data from many roads but on the same 
time period can be available, this cross-sectional data provides a fixed radiography of 
geometric and traffic characteristics to which it is possible to add collision history as many 
police departments keep detailed collision records. Safety analysis for the same period, 
known as cross sectional studies, has been employed before, but, their results seem highly 
dependent on the segment size in which the available data is partitioned.  
3 
 
Many studies have investigated intersections avoiding the need to define a segment size. To 
date most researchers, tend to keep the size of road segments unaltered as received from the 
spatial database, which are commonly large segments defined over pavement maintenance 
needs. In addition, many researchers tend to believe that one should use large segment sizes 
to avoid the zero collisions problem. There is however an evident need to use small segment 
sizes when investigating the countermeasure effects of roadway lighting given that lighting is 
allocated in small portions of the network at strategic locations and that lighting could vary 
greatly in small distances.  
There is a lack of a study that analyses the role of road segments in learning the crash 
modification ability of roadway lighting, considering the existence of uncertainty in the 
estimated values while studying different segment sizes. First, there is a need to justify 
lighting investments through collision reductions with limited local data. Second, there is a 
need to have a decision support method able to identify which sites will benefit the most from 
receiving lighting.  
1.3 Objective 
The main aim of this study is to develop an approach to justify the provision of roadway 
lighting and prioritize road segments to receive illumination 
Specific objectives are described in more detail as follows: 
1) To develop an approach to produce crash modification factors for roadway lighting 
from cross sectional data 
2) To study the role of segment size in the estimation of CMF with cross sectional data 
3) To propose an easy mechanism to identify and prioritize those road segments that will 
benefit the most from receiving lighting. 
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1.4 Scope and Limitation 
Safety benefits of lighting can only be measured during nigh time. This study limits to the use 
of cross-sectional data and to the application of statistical methods for count data such as 
Negative Binomial Regression. Although, there are segments with zero collision count, the 
method of zero inflated Negative Binomial is not applied due to the many criticizes stated by 
past studies about ZINB (Lord, 2016), and experimentally insignificant gains observed during 
this study. 
Another limitation was related to available attributes for site characteristics.  For instance, the 
data available for median did not refer necessarily to a physical barrier but in some occasions 
to a painted line on the pavement, and speed data referred to posted speed. For the case of 
lighting and intersections binary variables were used to fix these inaccuracies and preserve 
the valuable information.  
Also, the CMF values for lighting were different when analysing each road segment sizes 
separately, and CMFs from past studies. Nevertheless, to overcome these limitations, the 
proposed method, Bayesian data fusion, enhanced the accuracy of the CMF value for lighting 
by considering the information gain from specific segment-size groups and from past related 
studies. 
1.5 Organization of the Thesis 
 
This thesis consists of five following chapters as defined below: 
Chapter 1 contains the introduction with background and problem statement, research 
objectives, and scope and limitations.  
Chapter 2 reviews past studies to provide the necessary background knowledge of motorized 
accident modeling, Safety Performance Functions (SPF), road safety management and 
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methods of measuring safety effectiveness such as crash modification factors. It also revises 
the applications of Bayesian data fusion on other fields. A summary of results from previous 
studies of roadway lighting effect is provided. 
Chapter 3 introduces the methodology employed for processing and analyzing the data, the 
framework of the proposed method to develop SPFs, regression models and estimation of 
safety effectiveness of lighting among different segment sizes.  
Chapter 4 describes the data used in this study to develop the proposed model to estimate 
crash modification factors for lighting from cross sectional data, and to prioritize road 
segment candidates to receive lighting. It presents the main findings of the role of segment 
size on CMF values.  
Chapter 5 presents the conclusions of the study; also, it provides suggestions and 




CHAPTER 2: LITERATURE REVIEW 
2.1 Introduction 
This chapter reviews the main aspects of road safety and motor vehicle accident modeling 
process, the effect of explanatory variables on accident frequency, safety performance 
functions, statistical analysis based on regression models, and statistical methods applied to 
estimate specific countermeasure effect. Also, different approaches of estimating crash 
modification factor, as the cross-sectional and the before-and-after method are discussed in 
terms of each advantages and disadvantages. Bayesian framework and related previous 
studies are described.  
The first section 2.2 describes roadway lighting and summarizes findings related to night time 
collisions. The second section 2.3 explains road safety definition and commonly applied 
statistical analysis for accident modeling such as Poisson, Poisson-gamma or Negative 
Binomial, zero-inflated Poisson and Negative Binomial models (ZIP and ZINB), which are 
applied to investigate the role of artificial lighting as a countermeasure for night time 
collisions. Also, comparison between different statistical approaches and identification of the 
appropriate models are discussed. The third section 2.4 provides a review of methods to 
estimate safety effectiveness and crash modification factor of special countermeasure. The 
final section 2.5 provides a brief explanation of Bayesian data fusion framework and past 
researches. 
2.2 Roadway Lighting 
The measurement of any form of light is known as Photometry. One of the main concerns of 
photometry is to measure the apparent brightness of a source of light to the human eye 
(IESNA, 2008). Photometric measurement units such as: lux, lumens and candelas, are 
indicators reflecting variables that determine visual responses and reaction times. According 
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to the CIE (2007), common elements of road lighting are: Luminance and Illuminance, 
Luminance-based uniformities and Illuminance-based uniformity, Glare, threshold increment, 
and color of the light source.  
Illuminance is the amount of light arriving at the surface of the pavement in units of lux. 
Luminance is the amount of light as perceived by the driver which also depends on the 
roadway surface and environmental conditions (wet, dry). Luminance is the amount of light 
as perceived by a driver and it is measured in candela per square meter (cd/m2). Some 
commercial cameras using specialized calibrated software have the ability to match the pixel 
grey-scale brightness to luminance targets (Jackett and Frith, 2013; Cai and Li, 2014). As 
mentioned by Rea et al. (2009) illuminance level should be the major criterion for designing 
and analyzing roadways that are commonly used by non-motorized users, such as pedestrians 
and bikers. Luminance should be considered as the lighting criterion for motorized roads with 
high-speed moving vehicles.  
Uniformity refers to the longitudinal or transversal variation of the main lighting criterion 
(illuminance or luminance) over a segment of a road; there are several uniformity ratios; 
some divide the maximum observed value of the criterion (illuminance or luminance) over 
the average value; others divide over the minimum value.  Neither overall (transversal) nor 
longitudinal uniformity has been found to be a significant predictor of accident rates 
reductions in previous studies (OPUS, 2012).  
According to IESNA (2005), glare refers to the visual impairment or difficulty of observation 
of objects caused by a change in luminance between a target and its background as perceived 
by the human eye, there are two types: disability glare and discomfort glare. As their name 
indicated the discomfort glare is less aggressive than the disability glare which can 
potentially blind a driver for a few seconds. 
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In this study, luminance level is applied as lighting criterion to investigate the crash 
modification factor of roadway lighting. The effect of roadway lighting on night time 
accidents has been measured multiple times by researches. The main point of lighting is to 
increase visibility (Bullough et al., 2009).  Roadway lighting as a countermeasure had shown 
10 to 40% decreases in observed accident frequency and around 65% reduction in fatal 
crashes (TAC, 2004). In addition, Isebrands et al. (2010) found 37% reduction of collision 
counts in the presence of lighting. Older studies (IESNA, 1989) found reductions on accident 
frequency between 17 to 40%, for illuminated roadways compared to non-illuminated ones. 
Yannis et al. (2013) found that the existence of roadway lighting could diminish accident 
frequency, particularly fatalities and seriously injured accidents in urban and rural roads of 
Greece. Surprisingly, a cross-sectional study conducted by Box (1970) shows segments with 
higher lighting levels experienced more accidents suggesting that other forms of road 
deficiency in combination with higher speeds after improved visibility could be reason. A 
five years study conducted by Griffith (1994) investigated a reduction of 16% in observed 
accidents in the presence of continuously lighted segments on urban freeways when sections 
had the same traffic flow and all other factors are equal (Griffith, 1994).  Table 2.1 shows the 

















Method applied Source 
0.70 30 Before-After CIE, 1992 
0.88 12 Cross-Sectional Bullough et al., 2013 
0.75 25 Cross-Sectional Prestone et al., 1999 
0.61 39 Cross-Sectional Schewab et al., 1982 
0.69 31 Before-After Isebrand et al., 2004 
0.62 38 Before-After  HSM, 2010 
0.96 4 Before-After Harwood et al., 2007 
0.836 16.4 Cross-Sectional Gross and Donnell, 2011 
0.905 9.5 Cross-Sectional Sasidharan and Donnell, 2013 
0.72 28 Cross-Sectional Donell et al., 2010 
0.83 17 Cross-Sectional Wanvik, 2009 




2.2.1 Roadway Accidents and Night Time Collision 
Most of past studies focuses on intersections and interchanges to investigate the effect of 
different variables on accidents frequencies (Abdel-Aty et al., 2005; Santiago-Chaparro et al., 
2010; Lord and Persuad, 2000; Lovegrove and Sayed, 2006). Also, according to the literature, 
40% of all road crashes happened at intersections because of the presence of more traffic 
conflicting movements (Barua et al., 2010). However, there are few studies of road safety for 
road segments (Jonsson et al., 2007). Generally, these studies analyze roads based on lighting 
levels with mixed sizes of road segments. The number of crashes are mainly associated with 
traffic volume (Baek and Hummer, 2008; El-Basyouny and Sayed 2006; Hadayeghi et al., 
2006) and complex geometry of roadways (El-Basyouny and Sayed, 2006), as horizontal or 
vertical curves (Hummer et al., 2010) but none to the segment size which to date has not been 
studied. 
From previous studies there is an agreement that the presence of roadway lighting diminishes 
nighttime accidents and consequently the number of fatalities and seriously injured crashes 
will be decreased (Yannis et al., 2013). Also, previous studies show a higher frequency of 
pedestrian collisions at sites with low levels of lighting (Zhou and Hsu, 2009).  The rates of 
Collisions by severity for different types of highways in Montreal, Quebec, shows that 
probability of being involved in an accident on a rural-principal or arterial roads is two to 
three times more than on freeways with more severe crashes observed in principal arterial 
roads (Brown and Baass, 1995).  
2.3 Statistical Analysis for Roadway Safety 
The safety of a site is described by Hauer (1997), as the number accidents, or accident 
consequences, by kind and severity, expected to occur on that site during a defined time 
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period. To investigate the impact of specific variable as a countermeasure, for road safety 
management purposes, two periods of time should be consider and the number of accidents 
compared before and after the treatment. This is known as a before-after road safety study. It 
must be notice that the before and after period refer to a chain of several observations and not 
a single one in order to capture the trend before and after the improvement. According to the 
literature, minimum duration for each time period is at least three years with annual 
observations. 
The choice of appropriate regression model and reliable safety performance function (SPF) is 
indispensable for the analysis. To provide accurate results from number of accident as an 
outcome and contributing variables, it is noteworthy to choose the regression model which 
fits better the observed data. The prediction of an outcome of road safety analysis (crashes as 
integer values) could be done by different methods. The SPF associates an outcome 
(accidents), and the explanatory variables (traffic volume, site characteristics). The main 
objective of transportation engineers is to investigate the effect of different variables on 
accident frequencies of transportation facilities, and to develop statistical models that can, 
accurately, describe accident datasets (Milton et al, 2008). Traditionally, the regression 
approach for accident modeling is a Poisson distribution (Hauer, 1997). However, the 
Poisson method required that the mean and the variance are equal, posing an important 
restriction which is its main disadvantage (Anastasopoulos and Mannering, 2008; Mitra and 
Washington, 2006).  This limitation becomes important in the presence of over-dispersion, 
which is a common case among count accident datasets, since the variance is commonly 
greater than the mean. The over-dispersion is due to the unobserved heterogeneity across sites 
such as intersections and road segments. To overcome this deficiency, accidents are 
presumed to be gamma distributed and PoissonGamma or Negative Binomial regression 
(NB) is commonly applied to overcome this deficiency (Poch and Mannering, 1996).  
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The regression models which have been applied to accident data are varies between past 
studies. Generally, Poisson regression, and Poisson mixtures (Poisson-Gamma and Poisson-
Lognormal) have been employed for roadway safety analysis due to their ability to handle 
count data. As mentioned in Poisson model the mean is assumed to be equal to the variance. 
This assumption is not always satisfied, because most of the time, variances exceed the mean 
due to the presence of heterogeneity (Mitra and Washington, 2006). Therefore, the Poisson 
model is not applicable in case of over-dispersions, and Poisson mixtures should be applied. 
Poisson Gamma or   Negative Binomial model is usually used in accident data analysis (Poch 
and Mannering, 1996; Hinde and Demetrio, 1998; Miaou and Lord, 2003; Anastasopoulos 
and Mannering, 2008) and the other Poisson mixture models, (i.e. Poisson-Lognormal) have 
been applied for accident data analysis in some researches (Lord and Miranda-Moreno, 2008; 
El-Basyouny and Sayed, 2010). These models account for the over dispersion problem.   
2.3.1 Poisson Model 
 
Poisson distribution assumes that the mean and the variance of occurred accidents are equal 
(Hauer, 1997). In Poisson model, the mean of the expected number of accidents, is only 
Expressed by site characteristics which is the SPF. Equations 2.1 and 2.2 show the simple 
equation of Poisson model: 
 K ~ Poisson (θ)                                                                                                                   [2.1] 
Where k is:  the number of observed accidents during specific period of time, and 
θ = f (𝐹1,𝐹2, x;a)                                                                                                                  [2.2] 
Where θ: is the mean value obtained from the SPF which is the function of contributing 
factors, F1 and F2 are traffic flows in both direction, and vector x represents site-specific 
attributes and regression parameter. The restriction of equality of the mean and variance is 
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the main shortcoming of this model since it does not account for the heterogeneity across 
sites (Mitra and Washington, 2006).  
2.3.2 Poisson-Gamma or Negative Binomial (NB) Model 
 
To address over-dispersion (variance exceeds the mean) Negative Binomial model is 
appropriate and applicable. Accident data are Poisson distributed and unobserved accident 
heterogeneity across sites is assumed gamma distributed in this approach (Washington et al., 
2003). In this case, the expected accident frequency (θ) is explained by the SPF and 
multiplicative random effects which differ in various sites describe the θ. Equation 2.3 and 
2.7 introduce the Poisson model. 
 K ~ Poisson (θ),                    θ = μ r                                                                                    [2.3] 
Where k:  is the observed accident frequency, and 
 μ = f (x, a)                                                                                                                           [2.4] 
Where μ:  as a function of the contributing factors’ vector x and the vector of unknown 
parameters. 
The multiplicative random effect, r, is assumed Gamma distributed (r ~ gamma (φ, φ)) with 
the mean of 1 and the variance of 1/φ.  The φ known as “inverse dispersion parameter” which 
is assumed fixed across the sites in this case. (Anastasopoulos et al., 2008; Miranda-Moreno 
et al., 2007).   
2.3.3 Zero-Inflated Regressions 
 
In many cases of accident data, high number of zeros has been observed in the time period of 
study, this issue cannot be captured by conventional Poisson model (Miranda-Moreno, 2014). 
In such situation zero-inflated models such as Zero-Inflated Poisson (ZIP) and the Zero-
Inflated Negative-Binomial (ZINB) are applicable. Two sources of zero counts are known for 
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this model, one as a zero state, and the other source is a usual random process which follows 
the Poisson distribution (Miranda-Moreno, 2014). Following Equations shows the ZIP and 
ZINB model as presented by Miranda-Moreno (Lord and Miranda-Moreno, 2008): 
Yi = 0, with probability εi,                    [2.5] 
Yi | µi ~ Poisson (µi), with probability (1- εi)                                                                       [2.6] 
These are followed by consecutive distributions respectively: 
f (yi | µi, εi) = εi + (1- εi) Poisson(μi) for yi = 0, and                                                           [2.7]  
f (yi | µi, εi) = (1- εi) Poisson(μi) for yi = 1, 2, …                       [2.8] 
µi = f (AADT, xi; β)                  [2.9]  
Where, μi is known as a function of a site attributes vector, and εi is the error term which 
includes the zero counts that could not be processed by the conventional Poisson distribution. 




 ;          [2.10] 
Where, ⍵ is a vector of parameters, and z is a vector of unobserved site attributes. The vector 
of covariates zi could estimate the probability of being in the zero count state. Also it might 
be a function of specific-site characteristics or other covariates that may be part of the vector 
xi (Miranda-Moreno, 2014). In addition, the ZINB model has the following probability 
distribution:  
f(yi | μi, εi, α) = εi + (1- εi) Poisson(μi, α) for yi = 0, and            [2.11] 
f(yi | μi, εi, α) = (1- εi) NegBin(μi, α) for yi = 1, 2, …            [2.12] 
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During the past years, zero-inflated (ZI) regression models have been commonly applied by 
transportation safety engineers; when a preponderance of zeros exist accident data. Poisson or 
Negative Binomial (NB) distribution could not handle the existence of over expected number 
of zeroes in data, this could bias the sample mean. ZI models assume entities (e.g., 
intersections, segments, crosswalks, etc.) in two cases: one as a true-zero state (inherently 
safe) and second as a non-zero state, means zero accident counts in the observation time 
period. In fact, entities which experienced zero collisions during the observation period could 
be defined as either safe or unsafe. This assumption refers as dual state in ZI models. Recent 
researches argued that ZI models despite that statistically fit the data better should be avoided 
for vehicle accident modeling on highway entities. Although in past years, researchers have 
applied zero-inflated probability models, with dual-state assumption to generate the crash 
data (Shankar et al., 1997; Qin et al., 2004; Kumara and Chin, 2003; Lee and Mannering, 
2002) Using this count models to provide the best statistical fit is no longer a challenge. The 
application of a dual-state model shows incapability to describe the qualitative difference 
between inherently safe and inherently unsafe sites (Lord et al., 2005). Studies shows over-
fitting data could become problematic issue (Loader, 1999). Therefore, a balance must be 
struck between the statistical theory and capability of accident predicting models (Miaou and 
Lord, 2003). Most of the time rural highways include more inherently safe segments and a 
few dangerous ones, that makes average crash rate greater than freeway segments, or not 
necessary crashes follow a dual-state process, sometimes it is a single one due to the low 
exposure (Lord et al., 2005). Also, it is noteworthy to consider that the rural highway 
segments classified with high traffic volumes, which never found to follow a dual-state 
process (Hauer and Persaud, 1995; Harwood et al., 2000). Past studies, indicates that non-
reported accidents could be the main reason for exceeds zeros in crash data (Kumara and 
Chin, 2003). More example of misconception between an excess zero in accident data and 
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non-reported crashes on rural networks is exist. (Lord et al., 2003a & 2003b; Lord et al., 
2004). Considering that the root of excess zeros in crash data could be caused by small time 
period of observation, under-or non-reporting accidents, low traffic flow or high-risk 
segments and omitted variables contributing the collision process. To overcome mentioned 
problem, NB and Poisson models with additional factor define as error term to capture 
unobserved heterogeneity could be applied as an appropriate model which yield similar fit as 
zero-inflated models (Lord et al., 2005). On the other hand, the presence of zeroes in accident 
data might not be a proof of dual-state process. Zero-inflated models have been applied in 
previous studies for accident modeling in different cases: single and multi-vehicle crashes on 
rural two-lane roads (Miaou, 1994; Shankar et al., 1997; Qin et al., 2004), run-off-the-road 
crashes in rural areas (Lee and Mannering, 2002), accident occurrence at intersections (Mitra 
et al., 2002; Kumara and Chin, 2003). In these studies, except Miaou (1994), it has been 
assumed that crashes must follow a dual-state process (Lord et al., 2005).  In conclusion, in 
this study, we applied the Negative Binomial regression model because, despite enhanced 
statistical fit of zero-inflated models, it is argued that the initial assumption of a dual state 
process basic concept of these models is not consistent with accident data.  
 
2.3.4 Safety Performance Function 
 
SPF is a mathematical equation which could explain the accident frequencies based on a 
series of site characteristics (contributing factors). The SPF demonstrates a non-linear 
mathematical relationship between expected number of accidents per unit of time and a 
vector of road attributes. Safety performance modeling is based on historical observations to 
calibrate a functional form which accounts for interactions between contributing factors and 
the safety response to local conditions in terms of accident frequency. A reliable SPF could 
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examine the effect of different contributing factors on expected accident frequencies. The 
main step to develop safety performance function is the choice of an appropriate model 
function and regression approach, which estimates the parameters of a model. Basically, the 
main contributing factors are annual average daily traffic (AADT), segment length and 
various site characteristics which is showed as Equation 2.1: 
 Ln (μ) = ln(a0)+ a1 ln(L) + a2 ln(AADT)+ ∑αx                                                              [2.13] 
Where, μ = expected accident frequency; 
 ln (a0) = constant; 
a1 = stochastic parameter for segment length 
a2 = stochastic parameter for traffic volume 
a = vector of stochastic parameters of other site characteristics 
L = segment length (km); 
AADT = annual average daily traffic (vehicles per day); 
x = vector of site characteristics. 
To develop SPFs; first, available contributing factors (site characteristics) should be selected. 
Second, appropriate regression model should be applied to predict and estimate the number of 
accidents based on the site characteristics (independent variables).  
Regression approaches, assume road accidents as random events which at first glance follow 
a Poisson distribution. However, Poisson model assumes the equality of the mean and the 
variance, this assumption is violated by many accident data because of unobserved 
heterogeneity across sites (Mitra and Washington, 2006).  Usually, variance is greater than 
the mean which is referred as over dispersion. Hence, to account for this problem the 
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PoissonGamma (Negative Binomial) model must be used in accident data analysis (Poch and 
Mannering, 1996; Hinde and Demetrio, 1998; Miaou and Lord, 2003; Anastasopoulos and 
Mannering, 2008).  Negative Binomial model accounts for over dispersion of accident data 
when the variance is bigger than the mean. Other Poisson mixture models which accounts for 
the mentioned problem like Poisson-Lognormal have been applied to model the accident data 
in various past studies (Lord and Miranda-Moreno, 2008; El-Basyouny and Sayed, 2010). 
However, Poisson-Gamma models assume over-dispersion as a fixed parameter. Moreover, 
some methodologies have been introduced dispersion parameter  in a way that it varies  
across  different sites  as  a  function  of  some  site attributes (Hauer,  2001;  Miaou  and  
Lord, 2003; Geedipally et al., 2009). Also, dispersion parameter could consider as a function 
of site characteristic on confidence intervals of SPFs evaluations; for instance, dispersion 
parameter as function of the minor and the major traffic volume which provided more 
accurate data (Geedipally and Lord, 2008).  
Equation 2.2 and 2.3 shows the most commonly used Safety Performance Function (SPF) for 
count data (Miranda-Moreno, 2014). Accident counts are associated with causal 
factors(𝐿𝑖, 𝐴𝐴𝐷𝑇𝑖 , 𝑥𝑖1, ⋯ 𝑥𝑖𝑘), a linear relationship is assumed between all the independent 
variables and accident frequency, except traffic flow which has an exponential relationship 
(AASHTO, 2005). The coefficients βn shows the correlation and the impact of each 
explanatory variable has on the outcome (accidents). An error term (Ɛ) accounts for the 
unobserved impact in case of missing explanatory variables (Miranda-Moreno, 2014). 
Equations 2.14 and 2.15 could be applied to develop SPF for intersections and road segments, 
respectively. 
𝐴𝑐𝑐 =  𝐿𝑖𝐴𝐴𝐷𝑇𝑖
𝛽1  exp ( 𝛽0 + 𝛽2𝑥𝑖1 +  ⋯+𝛽𝑘𝑥𝑖𝑘) +  𝜀                                                                        [2.14] 
𝐴𝑐𝑐 = 𝐿𝑖  exp ( 𝛽0 + 𝛽1𝑙𝑛𝐴𝐴𝐷𝑇𝑖 + 𝛽2𝑥𝑖1 +  ⋯+𝛽𝑘𝑥𝑖𝑘) +  𝜀                                                               [2.15]    
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2.4 Measuring the Safety Effectiveness of a Treatment  
In practical aspects of road safety, it is noteworthy to calculate the safety effectiveness of 
countermeasures. Over the past years, various statistical methods have been applied to 
investigate the effect of different variables on accident counts. The cross-sectional statistical 
model and the before-and-after method are the most common methods. In 1975, the concept 
of Collision Modification Factor (CMF) was introduced by Laughland et al., to reflect the 
safety gain of countermeasures which estimate by expected or observed changes in accident 
counts after a countermeasure was applied at specific site. Regression models have been 
applied by researchers to predict the changes in accident counts at specific site by different 
contributing variables after implementation of special treatment.  
The objective of cross-sectional models is to verify changes in safety of a road among 
multiple sites with assume the absence of any major changes within the given year. Cross-
sectional models applied in some cases of road safety to investigate the countermeasure 
effects (Council and Stewart, 1999; Zegeer and Council, 1995). However, in some statistical 
models the number of explanatory variables was not enough to describe accident counts, 
(Schoppert and Hoyt, 1968). In recent researches, the concepts of multi-stage cross-sectional 
models have been developed to do safety analysis of grade crossing with the aim to overcome 
the issues associated with cross-sectional accident modeling (Saccomanno and Lai 2005; 
Park and Saccomanno, 2005a; Park and Saccomanno, 2005b). Multi-stage models arrange the 
crossing data into similar category in case of physical and operational characteristic.  
In Before-after models, sites with only one or more implemented treatment will be analyzed, 
while keeping other attributes the same. The effect of a given countermeasure is investigated 
by estimating the change between predicted (observed) accident counts after the treatment 
done, to the number of crashes when the countermeasure not exist (Hauer, 1997; Persaud, 
2001). Two methods for before-after models are introduced by literature as naïve and 
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empirical Bayesian (EB) models. Naïve method associated with the problem of regression-to-
the-mean (RTM) bias, which means safety countermeasures applied to the sites with a high 
number of observed accidents.  Consequently, due to the random inherent of crashes, 
although reduction in accidents is assigned to the countermeasure effect completely, it is 
more likely that accident decrease in previous high levels despite the introduction of 
countermeasures. The average accident frequency is likely to reach to the mean over the long 
term even if high number of accidents occurs in certain years (Council et al., 1980). Also, 
RTM known as treatment selection bias, which arise when the statistical assumption of 
random sampling of accident data is violated (Park and Saccomanno 2007; Pendleton, 1991). 
If safety effectiveness of countermeasure, estimates with before-and-after method, which the 
RTM bias does not take into account, the results might not be accurate. For instance, the EB 
before-after method is applied by Al-Masaeid (1997), Bahar et al., (2004), Elvik et al., 
(2001), Lyon et al.  (2005), and Persaud et al. (2001) to decrease the RTM bias caused by 
selected treatments to provide an accurate model. The main difference between the cross-
sectional and before-after study is that ‘treatment’ is something which changed from before 
period to after one in before-after study, which in cross-section study this change does not 
exist and units are different just in some traits of interest (Hauer, 2010). Another problem 
associated with before-and-after method is that it is not easy to create a truly controlled 
experiment completely. The main concern of both cross-sectional and before-and-after 
approach is the difficulty associated with the usage of these models to distinct between the 
effect of particular treatment on accidents and the effect of more general contributing factors 
(e.g. weather conditions) that could not be altered by decision makers (Park et al., 2005). 
Separation between the effect of particular countermeasures and other factors on number of 
accidents is one of the main concerns of predicting accident by statistical models. Therefore, 
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the estimated coefficients might be unreliable for representing the changes in accident counts 
which resulted from defined countermeasures. Equation 2.16 shows the definition of CMF:  
CMFi = 1- [NBi - NAi / NBi] = NAi / NBi                                                                                                                [2.16] 
Where, NBi and NAi known as, yearly estimated or observed number of accidents at site 
before (or without) and after (or with) a safety countermeasure i, respectively (Park, 2007).                 
The estimated value for CMF in equation 2.16 is always positive. The CMFs greater than 
unity, illustrates an increase in accident counts after the countermeasure implemented, and 
values smaller than unity reflects a reduction in number of collisions by introducing 
countermeasure. A set of CMFs for two-lane rural highways developed by federal highway 
administration (Harwood et al., 2000; Zegeer et al., 1992) and Highway Safety Manual 
(Hughes et al., 2004; Harkey et al., 2005) to investigate the effect of different operational 
system and design of highways. 
2.4.1 Cross-Sectional Safety Evaluation  
 
If the before- after data does not exist in treatment sites, to evaluate a safety effectiveness of a 
treatment, cross-sectional method could be alternated. In this case, accident data would 
compare with comparable non-treatment sites (HSM, 2010). Both treated and non-treated 
sites should be classified and the time periods should be defined. There is no specific 
sequence of calculation for presenting an equation in cross-sectional method; this model 
needs to be developed in single models of treated and non-treated. Contributing factors of 
accident counts such as traffic volume and road attributes should be analyzed separately for 
treated and non-treated model. There should be an indicator variable to illustrate the presence 
or absence of the treatment (i.e. presence or absence of standard lighting), or as a continuous 
variable which represents the treatment measurements (i.e. lighting level). Negative Binomial 
model with generalized linear model (GLM) could be applied to model the yearly crash 
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frequencies. However, Lord and Persaud applied general estimating equations (GEE), by 
using software, to evaluate the treatment effectiveness and its precision (HSM, 2010).  In this 
study, the effect of lighting on cross-sectional data estimated by using expected number of 
accidents among two groups of treated and non-treated segments. The first step was to define 
the appropriate level of lighting for treated and non-treated group separation. The same level 
of standard lighting defined for three different segment sizes to make the lighting data as a 
binary variable and separating groups with standard and non-standard lighting as treated and 
non-treated segments. The first method is to calculate accident modification function or θ, by 
fitting regression equation and SPF function to cross-section data. Calculating the ratio of 
expected crash counts for treated and non-treated group shows the amount of change in safety 
from non-standard lighting to standard level. The smaller the value of θ the more effective is 
the treatment (Hauer, 2009). Equations 2.17 and 2.18 illustrate the crash modification factor 
and crash reduction factor estimation, respectively: 
 CMF (θ) = 
expected accidents count (treated group)
expected accident  count (non−treated group)
 
                                               [2.17] 
 CRF= (1 - θ) (Daziano et al 2013)                                                                                     [2.18] 
This method is applicable if assuming the lighting data as a continuous variable, while 
running different SPF for treated and non-treated groups. The other method to describe 
accident reduction effect of roadway lighting is to define lighting data as a binary variable 
(i.e. in this study 1 for segments with 1.2 cd/m
2
 or more lighting level, and 0 for less than 1.2 
cd/m
2
 level of lighting). 
2.4.2 Crash Reduction Effect  
 
Park et al. estimated the effect of contributing factors by running the Negative Binomial 
regression and developing safety performance function. They transform SPF to additive 
23 
 
parameters of a non-exponential form in order to reach baseline collision rate which adjusted 
by contributing factors that are consisted in the model such as warning devices, surface type, 
and train speed (Park et al., 2005). In this case, developing one single SPF for each segment 
size will show a coefficient for lighting. In this method (non-exponential form), coefficients 
(for special countermeasure) bigger than unity, represent increase in accident counts, while 
coefficient factors less than unity yield a reduction in collision counts. The estimated vector 
of lighting in exponential form of developed SPFs, yield the amount of change in collision 
counts when the road segment changes from non-illuminated to illuminated one. For instance, 
the conventional NB regression model for 750 meters segment size from Equation 2.19 is: 
𝐿𝑜𝑔(𝑁750𝑚) = - 5.42 - 1.16 (Lu) + 0.96 (AADT) - 0.04 (G) + 0.26 (In) – 0.41 (W) + 0.48 
(cu) + 1.86 (Res)                                                                                                               [2.19]            
Where: 
Lu: Presence of standard lighting 
AADT: Average annual daily traffic 
G: Glare 
In: Presence of intersection 
W: Total width of both lanes 
Cu: Presence of curve  
Res: Residential area 
This equation is expressed based on the additive parameters of a non-exponential form. If 
Equation 2.19 transform into a multiplicative form, number of accidents could be expressed 
as Equation 2.20: 
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Collision rate(𝑁750𝑚) = 0.004 + (0.31𝐿𝑢) + (2.61𝐴𝐴𝐷𝑇) + (0.96𝐺) + (1.3𝐼𝑛) + (0.66𝑊) + 
(1.62𝐶𝑢) + (6.46𝑅𝑒𝑠)                                                                                                          [2.20] 
Derived from the generic intercept term, for instance, lighting has a value of e 
-1.16
 = 0.31. 
In this case, accident rate is adjusted by factors included in the model such as luminance 
level, average annual daily traffic, total width of the lanes and etc. Factors greater than unity 
interpreted as an increase in the estimates of number of crashes, while factors less than unity 
decrease the rate. Based on Equation 2.21 if the luminance level of road segment change 
from non-standard to standard level (greater than 1.2 cd/m
2
) the number of accident would 
experience a reduction by factor of 0.69.   
CMFLighting: 
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑖𝑑𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑙𝑖𝑔ℎ𝑡𝑖𝑛𝑔 
number of accident without standard lighting
 
 = 
exp (−5.42−1.16 𝐿𝑢+0.96 𝐴𝐴𝐷𝑇−0.04 𝐺+0.26 𝐼𝑛−0.41 𝑊+0.48 𝑐𝑢+1.86 𝑅𝑒𝑠)
exp (−5.420.96 AADT−0.04 G+0.26 In−0.41 W+0.48 cu+1.86 Res)
 = exp (-1.16) = 0.31                                                                                                                                    
[2.21] 
2.4.3 Potential for Improvement 
 
Potential for improvement can be expressed as the net difference between the observed 
number of collisions and the expected number of collisions (Hauer, 1997). The expected 
number of collisions must be estimated by calibrated safety performance functions of the 
corresponding type of site, per instance all those road segments (not containing intersections) 
on residential zones not currently being illuminated. The higher the value of potential for 
improvement, the more desirable is to apply a countermeasure to correct the specific safety 
deficiency being studied. Values between zero and one refer to sites where no benefits seem 




2.5 Bayesian Data Integration on Road Safety 
Full Bayesian analysis could be another alternative approach for statistical analysis. In this 
type of modeling the estimation of parameters is simulated by an algorithm such as the Gibbs 
sampler or Markov Chain Monte Carlo simulation (Park, 2007). The core components of any 
Bayesian analysis is: first, a prior distribution which is based on results from past studies. 
However, the selection of suitable prior to apply in Bayesian Regression model has been a 
concern in some cases (Lunn et al., 2000; Bishop, 2007). Second, a likelihood distribution 
from data observed, and third, a posterior distribution is perceived by an integration of priors 
and likelihood distribution. When sufficient data is available for the likelihood the posterior 
could balance the risk of error caused by biased priors or limited time data observations, in 
other cases non-informative priors could be used to avoid such biasing. Several software is 
capable of conducting Full Bayesian analysis such as R (Albert, 2007), JAGS (2014), 
WinBUGS (2014) and OpenBUGS (2014), (Heydari, 2013).  
The effect of different countermeasures for railway grade crossing has been estimated using 
Bayesian data fusion by Saccomano et al., 2007.  Equation 2.22 and Equation 2.23 introduce 
the estimation of posterior probability distribution in Bayesian method: 
P (α|Data) ∝ f (Data|α).P (α)                                                                                             [2.22] 
P (α|Data) = 
(Data|α).P (α)                  
∫(Data|α).P (α)da                 
                                                                                [2.23] 
Where, P (α) represents the prior distribution of α, P (Data|α) is likelihood function of sample 
data given parameter α, P (α|Data) is posterior distribution of parameter a given observed 
data; and the denominator represents the marginal likelihood.  
Two sources of priori and data likelihood input is integrated to estimate posterior distribution. 
The posterior as an output is represented with the mean, the variance and the probability 
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distribution. Hence, the uncertainty associated with the estimation process of any 
countermeasure could be recognized. Bayesian data fusion defined as a promising tool to 






CHAPTER 3: METHODOLOGY 
 3.1 Introduction 
This chapter presents the methodology employed to estimate a reliable CMF for artificial 
road lighting in the event of cross sectional data. In particular, this research investigates the 
effect of different segment sizes on the estimated CMFs and model parameters. Section (3.2) 
describes the overall methodological approach in order to provide the reader with a 
summarized overview. Section (3.3) explains the approach employed to prepare the dataset 
(including roadway lighting, road characteristics and nighttime accident counts) and how the 
road network was divided into three different segment sizes. Section (3.4) reviews the 
process of accident modeling and statistical analyses including Bayesian Data Fusion used to 
learn a unique CMF value from local data. Section (3.5), explains the approach to identify 
which road segments will benefit from receiving lighting. 
3.2 Overview of the methodology 
This research proposes a two-step method to support the decision making of lighting as a 
countermeasure to night time collisions: First Collision modification factors can be learn 
from local observations by either a Before and After approach or as suggested by this 
research by a cross sectional method in the event of insufficient time series to support the 
before-after traditional method. This first step serves to quickly justify in general that lighting 
is expected to improve night time road safety. In a second step this method proposes a 
practical way to visualize which road segments will benefit the most from receiving lighting, 
hence enabling transportation officials to prioritize sites by potential for improvement (Figure 
3.1). In the event of cross sectional data, there is a need to partition the road segments and use 
Bayesian Data Fusion to estimate a collision modification factor for the road network. 
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A negative binomial regression in conjunction with a system of binary filters for the sites 
characteristics, can serve to develop safety performance functions for both illuminated 
(SPF1) and non-illuminated roads (SPF2). The definition of illuminated complies with 
standard levels recommended by IESNA (2005).  
Observed night time collisions (NTC) can be compared to expected levels of collisions given 
by both SPF1 and SPF2. Roadway lighting will be very beneficial in those cases where 
observed collisions at non lit sites (NTC) are higher than expected number of collisions at 
non illuminated sites (SPF2) Lighting will be not beneficial at those roads segments where 
NTC of non-lit sites are less than expected number of night time collisions at illuminated 
sites (SPF1). Finally, roadway lighting could signify somewhat beneficial at sites located in 
between both SPF1 and SPF2 (Figure 3.1) 
 




In the event of before and after studies, there is no need to partition the segments and 
collision modification factors could be directly estimated from them. The rest of the method 
intended to identify the beneficial effects of lighting on specific segments is preserved as 
explained before. 
The following sections provide methodological details related to the preparation of the 
database and the analysis conducted. 
3.3 Database Preparation Procedure 
The data were available in three different databases: night time collision (NTC) records, road 
attributes, and lighting data which was collected by other graduate students at Concordia 
University. The NTC was provided by the Ministry of Transportation of Quebec (MTQ) for a 
5-year period, 2007 to 2011. Another dataset contained the attributes of major highways in 
Quebec; specifically routes 20, 40, 55, 105 and 132. The Base map of Quebec roads was 
provided by the Ministry of Transportation of Quebec (MTQ). Figure 3.2 shows the spatial 
location of major Quebec routes used in this study. Roadway lighting dataset was available in 
terms of luminance, illuminance and glare measurements.  
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The aim of the consolidated database was to combine the lighting data, accident data, and 
road segments data that contained geometric attributes such as total width and presence of 
shoulders.  Lighting data was imported in ArcMap10 using latitude and longitude coordinates 
from the North American Datum geographic coordinate system (NAD, 1983.prj) selected as a 
global coordinate system. Each displayed file was then converted into a shape file to be able 
to manipulate the original database when using geo-processing tools. The lighting dataset was 
merged with the road network by doing a spatial join and a summary of the closest lighting 
points was assigned to each road segment in order to reach an average of the lighting data on 
each route (Figure 3.3). After doing the spatial join, to incorporate nighttime crashes, the total 
number of nighttime accidents which is closest to each segment will be assigned to the 
corresponding segment size (Figure 3.4). All three datasets were merged together in ArcGIS 
to obtain a single database.  
Only variables (i.e. columns) of interest were kept on the table of attributes on ArcGIS 10, to 
keep the road network dataset as clean as possible. Originally, the segments provided by the 
dataset are of unequal length. For the purpose of analysis and comparing, it was decided to 
divide the segments for each road into three different segment sizes. Routes were created for 
each numbered road and then split into segments of 250, 500 and 750 meters. Unfortunately, 
the production of routes on ARCGIS omits the original attributes allocated on each segment; 
hence it is needed to reintegrate those attributes once again from the original road network 
database. Therefore, the count of collisions is rejoined to each single segment. Also, 
luminance level for each segment calculated and assigned as average level of luminance. 
Another important variable which is considered in the analysis as a binary variable is the 
presence of intersection, which indicates whether the new road segment (after being split) 
crosses an intersection or not, because intersections had special characteristics which differ 
from those of mainline segments (Figure 3.5). The next step is to filter and retain the 
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nighttime collisions to provide final database (Figure 3.6). The Data preparation procedure is 


























Figure 3.3: Spatial join of lighting data to roads 




Figure 3.5: Identifying segments with crossing Intersections 
 
Figure 3.6: Sample data from ArcGIS (500 meters road segment group) 
 
 
Figure 3.7: Data preparation steps 
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Illuminance and luminance are the two major lighting metrics used to measure the quality of 
the lighting on a road during nighttime (IESNA, 2005). Illuminance is the light quantity 
which is “the amount of light incident on the roadway surface from the roadway lighting 
system”. Luminance is the amount of light as perceived by the driver; it is the amount of light 
reflected by the pavement in the direction of the driver. It is also referred to as the 
“brightness” of the road (IESNA, 2005). Illuminance units are read in Lux and luminance is 
candela per square meter (cd/m2). As Rea et al. (2009) mentioned illuminance-based analysis 
is more appropriate to apply for roads with low levels of AADT and significant presence of 
pedestrians and bicyclists. In this study, luminance level is used to do the statistical analysis, 
because luminance level is advisable for statistical analysis of roads with higher volumes of 
motorized vehicles traffic. 
According to the literature and analyses done in this study (Table 3.1) based on appropriate 
luminance level, a binary variable for luminance measurement is created. 
Table 3.1: Luminance recommended level (IESNA, 2005) 























Freeway Class A  0.6 3.5 6.0 0.3 
Freeway Class B  0.4 3.5 6.0 0.3 
Expressway 
High 1.0 3.0 5.0 0.3 
Medium 0.8 3.0 5.0 0.3 
Low 0.6 3.5 6.0 0.3 
Major 
High 1.2 3.0 5.0 0.3 
Medium 0.9 3.0 5.0 0.3 
Low 0.6 3.5 6.0 0.3 
Collector 
High 0.8 3.0 5.0 0.4 
Medium 0.6 3.5 6.0 0.4 
Low 0.4 4.0 8.0 0.4 
Local 
High 0.6 6.0 10.0 0.4 
Medium 0.5 6.0 10.0 0.4 
Low 0.3 6.0 10.0 0.4 
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3.4 Night time collision modeling 
The Negative Binomial regression is applied in this study to analyse crash frequencies while 
accounting for over-dispersion. Based on estimated coefficients from regression analysis 
safety performance functions (SPF) developed for each group of segment sizes to investigate 
the correlation between accident counts and independent variables (i.e. AADT, luminance 
level, presence of intersection and curve, land use and etc. in this study). In this study, the 
SPF is developed for each group of segment sizes based on Equation 3.1 presented by 
Miranda-Moreno, (2013). 
𝐴𝑐𝑐 = 𝐿𝑖  exp ( 𝛽0 + 𝛽1𝑙𝑛𝐴𝐴𝐷𝑇𝑖 + 𝛽2𝑥𝑖1 +  ⋯
+𝛽𝑘𝑥𝑖𝑘) +  𝜀                                   [3.1] 
Where:   
Li:  Segment i length 
𝛽0 :  Constant term 
k : variable number (1,2,3,….) 
βk  : Coefficient of explanatory variable xk , 
Acc: Frequency or severity of night-time collisions on segments i, 
AADTi : Average Annual Daily Traffic of segments i, 
Xki: Explanatory variable i 
a: Coefficient of AADT at segment i 
𝜀: Error term 
The coefficient of lighting obtained from exponential form of SPFs, represents the value of 




3.4.1 The Standard Error and Confidence Intervals of CMFs 
 
To estimate the confidence interval for safety effectiveness for a particular variable, first, 
standard error should be calculated. Standard error in literature is expressed as the calculated 
standard deviation of the difference between estimated values and values comes from sample 
data. The standard error of the CMF is calculated as the standard deviation of related variable 
coefficient which comes from the Stata table of results, multiplied by the estimated crash 
modification factor for that variable. In this study, based on Table 7, the standard errors are 
estimated from Equations 3.2, 3.3, 3.4: 
250m segment size: exp 
(-1.13)×0.22 = 0.07                                                                       [3.2] 
500m segment size: exp 
(-1.32)×0.21 = 0.05                                                                       [3.3] 
750m segment size: exp 
(-1.16)×0.34 = 0.1                                                                         [3.4] 
A smaller the standard error indicates a more precise estimate. The Standard error is applied 
to calculate the confidence interval of crash modification factors based on Equation 3.5 and 
values from Table 3.2 (HSM, 2010): 
CI(X %) = CMF± (SE× MSE),                                                                                          [3.5]                                                                                                  
Where CI(X %) defined as confidence interval,           
CMF = crash modification factor; 
SE = standard error of the CMF, and 




Table 3.2: Recommended confidence intervals and standard error. HSM (2010) 
Desired Level of 
Confidence 
Confidence Interval (probability that the 
true value is within  the estimated intervals) 
Multiple of Standard 
Error (MSE) 
Low 65%-70% 1 
Medium 90% 2 
High 99.9% 3 
 
For instance, the 90% confidence interval for crash modification factor of 250 meters 
segment size is calculated based on Table 3.2 and Equation 3.6: 
CI (%) = exp 
(-1.13)
 ± (0.07*2) = 0.32 ± 0.14                                                                       [3.6] 
 
3.4.2 Bayesian Data Fusion 
 
To better capture the uncertainty related to the safety effects of countermeasures, the 
Bayesian data fusion technique is used to combine different sources of information. This 
approach is structured based on prior, likelihood and posterior. The prior distribution is the 
findings from past studies relating to the safety effectiveness of a variable of interest. The 
likelihood function is the locally observed data that could describe difference in accident 
occurrence at a particular location with different lighting level. The last step is to define the 
posterior distribution by mixing the prior and likelihood (Figure 3.8).  
The countermeasure effects based on statistical analysis of accident models and observations 
can be combined by applying the Bayesian data fusion approach. The objective is to generate 
“posterior” estimates of the probability among past studies and estimated safety effectiveness 
of lighting for three different segment sizes and obtain a single precise value based on 
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observed data and past studies. The posterior expression is defined as follows (Migon and 
Gamerman, 1999; Lee, 2004): 
(θ|x) (θ) (x| θ)                                                                                               [3.7]           
Where: θ is safety effectiveness of lighting  
x = Comes from accident prediction models 
 (θ) = Prior probabilities of θ from past studies  
 (x|θ) = Probability of observing the sample data  
 (θ|x) = Posterior probability of θ give x. 
In this study, different statistical models using the negative binomial regression were used for 
our data considering three segment sizes to calculate CMFs, and such CMF represents the 
likelihood distribution characterized by mean and variance which will be combine with the 
prior. 
To reduce the computational complexity and avoid the MCMC simulations to draw the 
posterior, one can assume that both the prior and the data likelihood distributions are 
normally distributed. Suppose the prior θ ~ N (µ, τ2) and the data likelihood as [l ~ N (x, δ2)], 
then these distributions can be integrated analytically to estimate the posterior, which is also 
normally distributed with the mean of µ0 and the variance of τ1
2
. Equations below shows how 
the posterior is estimated in this study (Saccomanno et al., 2007): 
Variance, τ1
2
 = (τ -2 + δ -2) -1                                                                                                                                                [3.8] 
Mean, µ0 = (τ 
-2 µ + δ -2 x) τ1
2




Figure 3.8: Bayesian data Fusion steps (Park, 2007) 
 
As shown in Figure 3.8 data fusion is applied as follows: a CMF value is obtained for each 
segment size (250 m, 500 m, and 750 m) based on the negative binomial regression.  We then 
combined the CMF results for the first two segment sizes: 250 m and 500 m. In this case, the 
CMF for the 250 m segment scenario acts as the prior and the CMF for the 500 m segment 
scenario acts as the likelihood. The posterior obtained from these two segment sizes was used 
as the prior for the 750 m segment size, being the likelihood. This way, an overall (single) 
CMF value was estimated. The latter estimate was obtained from the data so that it could be 
considered as the likelihood that was then combined with the prior obtained from previous 
studies. Note that different priors were considered here considering different weights since 
methods differ from one study to another and all studies are not the same in terms of the 




According to literature the uncertainty is always associated while studying the effect of 
countermeasures. It is not possible to estimate a completely accurate CMF value by applying 
statistical accident prediction models (Button and Reilly, 2000; Leeming and Saccomanno, 
1994). The variance has been used by past studies to provide a range of possible values for 
the CMF and the associated uncertainty. However, the Bayesian data fusion method is 
applied in this study to provide probability distributions to represent the CMF of road lighting 
while providing both the range of CMF values and the likelihood of the estimation.   
As mentioned above, the CMF is assumed to follow a normal distribution when using the 
Bayesian data fusion technique. However, this may not be true when describing unknown 
CMF distributions (Park, 2007). Also, the fact that there might be an inherent uncertainty 
associated with estimating priors from different sources could affect the posterior distribution 
(Park, 2007).  According to Lee (2004), based on the central limit theorem, the observations 
with errors (CMFs in this study) could be assumed to follow a normal distribution. The 
normality assumption can be useful here to avoid computationally intensive MCMC methods 
(Gelman et al., 2004). However, this might be violated in reality; therefore, other researches 
assumed different distributions such as a beta distribution due to its flexibility to express the 
prior and posterior distribution without any assumption of symmetry (Clarke and Sarasua, 
2003). We therefore verified the sensitivity of the results to the distributional assumption by 
assuming a beta distribution instead of a normal density. A beta distribution can be expressed 
as follow, where r and s are two shape parameters: 
 
Pr(X = x,r,s) = 
(𝑟+𝑠−1)!
(𝑟−1)!(𝑠−1)!
 X r-1    (1- X) r-1                                                                        [3.10] 










                                                                                                       [3.12] 
Similar to the normality assumption, using a beta density allows us to compute the posterior 
analytically without the need to run MCMC simulations. The parameters for the posterior 
(final CMF estimate) can be estimated using the following equations: 
rposterior = rprior + rdata likelihood                                                                                                                                                  [3.13] 
 
sposterior = sprior + sdata likelihood                                                                                                                          [3.14] 
 
After obtaining the posterior, its mean and variance can be computed as follows: 
r = µ [
µ (1−µ)
δ2
− 1]                                                                                                                             [3.15] 
s = [1-µ] [
µ (1−µ)
δ2
− 1]                                                                                                                      [3.16] 
Here, we adopted the same approach discussed for the normal assumption scenario.  
3.5 When to Provide Roadway Lighting 
 
Roadway llighting should be provided to those segments that will experience the largest 
amount of night time collisions reductions. A system of binary filters can be used to estimate 
safety performance functions specific to desired land use zoning and road sites (Figure 3.9).  
A Negative Binomial regression analysis can be used to obtain coefficients to calibrate safety 




Figure 3.9: When to provide roadway lighting 
Two safety performance functions can be developed: one for lit segments (SPF1) and one for 
non-illuminated segments (SPF2). Observed number of collisions can be plotted on the same 
graph. Potential for improvement can be easily learnt by comparing the position of observed 
sites versus expected levels for non-illuminated. Those observed sites above the non-
illuminated expected trend reveal roads that will gain substantial benefits from being 
illuminated. Those below the SPF1 line exhibit No potential for improvement. Those 
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Figure 3.10: Potential for improvement and lighting beneficial effects 
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CHAPTER 4: RESULTS 
4.1 Introduction  
This chapter illustrates the results of analyses obtained from the adopted case study. First, the 
observed, collected and prepared cross-sectional data has been used to create different road 
segment samples based on different segment sizes. Second, database is used to develop SPFS 
and represent the road lighting CMF estimates. Finally, the analyses to obtain the CMF for 
roadway lighting are presented. Finally, safety performance functions are used to produce 
models of expected number of collisions and compared to observed night time collisions to 
rank road's potential for improvement. 
4.2 Database Preparation 
Table 4.1 represents the type of variables applied in this study to model the accident data. 
Some of the geometric and design characteristics of road segments, such as lighting 
measurements (i.e. luminance, glare) and complex geometries; for instance: the presence of a 
curve and an intersection is employed to develop SPFs. However, only some site 
characteristics were available or make sense.  For example, data available for presence of 
median is defined based on the painted line in the middle of road lanes, but not the presence 
of physical barriers. Table 4.2 shows a sample summary of data observed which contains 
1385, five hundred meters segments sizes. 
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In this study, Negative Binomial regression model is applied to group of datasets including 
three different segment sizes to investigate the impact of various contributing variables on the 
number of nighttime road collisions. The table below summarizes road characteristics and 
lighting measurements used as explanatory variables. Nighttime collisions counts were used 
as response for the regression analysis with counts varying according to each segment size. 
Geometry attributes included: total road width, presence of curve, segment crossing an 
intersection (i.e. presence of intersection), land use (i.e. residential), and average AADT. The 
lighting related measurements included the luminance level and glare measurement. 
 Table 4.2: Summary of response and explanatory factors  
Variable Mean Std. Dev. Min Max 
Nighttime Accident 4.0902 11.4176 0 162 
Luminance 0.1241 0.2958 0 3.76 
Traffic flow 
(AADT) 
10816.22 6401.05 1375 55500 
Glare 3.4394 5.2264 0 20 
Intersection 0.4498 0.4914 0 1 
Total lane width 7.4246 0.7446 5 12 
Curve 0.1045 0.1068 0 1 
Residential zone 0.0754 0.1018 0 1 
 
A correlation matrix describing the degree of relationship between independent variables is 
shown in Table 4.3. If any of the variable shows the correlation of 0.7 and above, with one or 
more other variables, it had to be dropped from the analysis. As expected, there is a perfect 
correlation between luminance and illuminance levels; hence only one could be used in the 
analysis. Also, the correlation matrix illustrates a strong positive correlation between the 
number of lanes and total width (0.9), therefore the number of lanes is dropped and “total 
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width” of the road was kept in the analysis. The presence of an intersection, traffic volume 
(AADT) and being at a residential zone showed values of correlation ranging from 1.1389 to 
0.4183 with the response suggesting explanatory abilities. In addition, presence of an 
intersection and AADT were correlated as expected given that at those sites one will count 




























Number of nighttime 
accidents 
1.000           
Average luminance 
level  
-0.0021 1.000          
Average illumination 
level 
-0.0025 1.000 1.000         
Glare 0.0822 0.0191 -0.0232 1.000        
Number of lanes  0.0555 -0.0012 -0.0014 0.0701 1.000       
Presence of 
Intersection 
0.1389 0.0259 0.0248 0.2564 0.0322 1.000      
Total width 0.0439 0.0016 0.0014 0.0893 0.9014 0.0336 1.000     
AADT 0.2110 -0.0121 -0.0125 0.0712 0.1315 0.579 0.0924 1.000    
Speed -0.0368 0.0055 0.0058 0.0709 -0.119 -0.0551 -0.064 -0.010 1.000   
Presence of Curve 0.0056 -0.0045 -0.0046 0.0165 0.1680 -0.0455 0.1553 -0.041 -0.0251 1.000  
Residential zone 0.4183 -0.0012 -0.0019 0.1634 0.1258 0.1330 0.0563 0.1971 -0.1875 -0.0140 1.000 
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After analyzing data, safety performance functions were developed for each group of segment 
sizes based on results obtained in Table 4.4, as equations below: 
250 meters: exp
 (-6.2-1.13*(Lu) + 0.8*(AADT) - 0.03*(g) +0.34*(in)-0.19*(w) ++2.61*(res))            [4.1] 
500 meters: exp 
(-4.89-1.32*(Lu) +0.66*(AADT) -0.03*(g) +0.39*(in)-0.13*(w) +0.33*(cu) +2.47*(res))   
[4.2] 
750 meters: exp 
(-5.42-1.16*(Lu) +0.96*(AADT) -0.04*(g) +0.26*(in)-0.41*(w) +0.48*(cu) +1.86*(res)) 
[4.3] 
Where: Lu = Presence of standard lighting, AADT= Average annual daily traffic, G= Glare, In= 
Presence of Intersection, W= Total width in both lane, Cu= Presence of curve, Res= Residential 
area. Table 4.4 illustrates independent variables and coefficients of road segments.   
Table 4.4: Statistical analysis for explanatory variables of night time collisions 
250 M Segment 500 M Segment 750 M Segment 
Variable Coefficient P>z Coefficient P>z Coefficient P>z 
Luminance -1.13 0 -1.32 0 -1.16 0.001 
lnAADT 0.79 0 0.66 0 0.96 0 
Glare -0.03 0.002 -0.03 0.001 -0.04 0.032 
Presence of Intersection 0.34 0.004 0.39 0.003 0.26 0.16 
Total Width -0.19 0.004 -0.13 0.058 -0.41 0.001 
Presence of Curve   0.33 0.077 0.48 0.039 
Residential area 2.61 0 2.47 0 1.86 0 
Cons -6.2 0      -4.89 0 -5.42 0.003 
lnalpha 1.65  1.37  1.42  




As seen on Table 4.4, lighting in the form of luminance is a significant (p = 0.001) factor capable 
of explaining night time road collisions; for all segment size cases the effect of more luminance 
is a reduction in the number of collisions with a larger value for the 500m segment. It must be 
noticed however that the data was not standardized and as such the explanatory power of AADT 
cannot be directly compared (but indirectly through natural logarithm) to the rest of the factors. 
For all analyses more traffic volume (lnAADT) explain more frequent night time collisions, 
similarly happens for glare which has a mild countermeasure effect on night time collisions as 
well as total width of the road. The presence of a curve only explains more frequent collisions at 
night for analysis with segment sizes of 500m or 750m. It is very interesting to see how being on 
a residential environment explain more frequent nighttime collisions but the presence of 
intersections only explains more frequent collisions for analyses with segment sizes of 250m and 
500m with insignificant (p=0.16) explanatory power for larger segments given the fact that any 
one 750m segment with an intersection is far too long to distinguish between the actual location 
of the intersection and the collision. 
 
4.3 Crash Modification Factor for Lighting  
The problem with obtaining the coefficients for lighting and other explanatory variables is that 
they only reveal whether sites without good lighting result in more collisions than their 
counterparts with higher levels of luminance, but little is known, as matter of fact nothing is said 
in the event that a poorly lit or completely dark road segment receives roadway lighting. Given 
that the data available is of cross-sectional nature, safety effectiveness can be calculated with the 
expected number of collisions, for three different segment sizes. The collision modification 
factor for artificial roadway lighting can be estimated for different measured safety ratios among 
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three segment sizes and then compared among them to gain some understanding on the role of 
the segment size on the value of the CMF. Then one can analytically combine three different 
CMFs in order to obtain a single one. Table 4.5 summarizes the obtained crash modification 
factor ratios which calculated from exponential form of SPFs, for the three studied segment sizes 
and lighting level of highways in the province of Quebec. 
Table 4.5: CMF value for each group segment sizes 
Segment size 250m 500m 750m 
CMF 0.32 0.26 0.31 
Sd 0.07 0.05 0.1 
Var 0.005 0.002 0.01 
Safety Effectiveness 67.7% 73.28% 0.68% 
 
It is interesting to observe that the collision modification factor of 500m segments is lower than 
those of 250m and 750m (which interestingly reach almost the same value). This leads us to 
think that using a 500m segment is more conservative. From the CMF one can estimate the 
safety effectiveness of roadway lighting for both 250m and 750m segments around 67% 
reduction of night time collisions (Table 4.5).  
Figure 4.1 shows the statistical distribution of the three values of CMF for roadway lighting. As 
seen those of 750 show larger variability associated to higher uncertainty, meanwhile those of 
250m segments show tighter spread being surpassed by those of the 500m segment group. 
Hence, it appears reasonable to conclude that the CMF value for the 500 meters group is the 
more certain. In addition, all three distributions are placed on the positive region of collision 
modification factors (Figure 4.1) with the mean value of segment 5 being smaller therefore 
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resulting in a better safety effectiveness. This finding appears to suggest that the 500 meters 
























Observed lighting CMF per segment size
 
Figure 4.1: Original analysis with 100 percent of the segments 
 
4.4 Integration of CMFs  
4.4.1 Data Likelihood Distribution 
 
At this stage of the analysis the reader may wonder which is the ideal segment size, however the 
response to this question depends on the accuracy of the geographical location of the roadway 
collisions observed. Hence, a different route can be taken; one can estimate a CMF that 
52 
 
disregards the segment size. By integrating individual CMF as shown on figure 3.8, first the 
CMF obtained from studying 250 meters segment size is integrated with the one obtained from 
500 meters segment size.  
Second, the calculated CMF is integrated with CMF from studying 750 meters segment size. The 
mathematical process is showed in equations below based on Bayesian data fusion framework: 
 Step one:    τ1
2
 = (0.07 
-2





                                                                                                             
[4.4]
                                                                                                                                                                      
 
                     µ0 = (0.07 
-2 




 = 0.28                                                  [4.5]                                  
 
  
Step two:     τ1
2
 = (0.04 
-2





                                                                                                                
[4.6]
                                           
 
                     µ0 = (0.04 
-2 




 = 0.29                                                    [4.7]                              
 
 
As a result, the estimated data likelihood distribution for lighting crash modification factor 
follows N (0.29, 0.039
2
). The next step is to estimate prior distribution from past studies. 
4.4.2 Prior Distribution 
 
In this research, 12 recent studies for lighting as countermeasure were combined to reach a prior 
distribution with defined mean and variance, (See Table 2.1). The crash modification factors 
estimated based on Eq. 2.18, from the lighting safety effectiveness values available for each 
study. Moreover, in this study, to provide accurate estimation of priors, crash modification 
factors from past studies combined based on the relative weight for methods applied 
(Saccomanno et al., 2007). Equations 4.9 and 4.10 show how prior distribution is developed 
based on assumed weights, (see Table 4.6). 
µ = ∑ Wi CMFi / ∑ Wi                                                                                                                                                                     [4.9] 
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Where, µ is weighted average effectiveness of lighting,  
Wi is relative study weight for lighting in level of certainty,  
CMFi is the weighted average effectiveness for lighting from all available sources. 
δ = ∑ Wi δi / ∑ Wi                                                                                                                  [4.10] 
Where, δ is weighted standard deviation for lighting,  
Wi is relative study weight for lighting in level of certainty,  
δi is the weighted average standard deviation for lighting from all available sources. 
The average mean and variance for prior distribution of CMFs estimated as 0.76 and 0.11, 
respectively as equation 4.11. 
Weighted Mean Prior = (0.72+0.96+0.62+0.69+0.7)×0.5 + (0.88+0.75+0.61+0.836+0.905+0.72 
0.83)×0.33 / (5×0.5) + (7×0.33) = 0.76                                                                                [4.11] 
Table 4.6: Relative weight based on analysis method (Saccomanno et al., 2007) 
Level of certainty (i)  Methodology  Relative study Weight (Wi) 
Medium-High Before-After 0.5 
Medium-Low Cross-Sectional 0.33 
 
4.4.3 Posterior Distribution 
 
To obtain the posterior distribution, the final roadway lighting CMF from cross-sectional data is 
combined with past studies assuming that both distributions are normal. Since the prior 
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distribution is estimated as θ ~ N (0.76, 0.12) and the data likelihood as l ~ N (0.24, 0.0392), then 
the posterior distribution is computed as follows, based on Equation 3.2 and Equation 3.3. 
τ1
2
 = (0.1 
-2





2                                               
                                                              [4.12] 
µ0 = (0.1 
-2 ×0.76 + 0.039 -2×0.29) 0.0372 = 0.3                                                                       [4.13]                            
An Excel spreadsheet was used to combine prior and likelihood to produce the posterior 
(appendix).  











Normal  0.34 65.32 0.001 0.038 
Beta 0.33 66.04 0.001 0.040 
 
Table 4.7 illustrates the posterior distribution of roadway lighting CMF with mean and variance 
which is assumed to follow once the normal distribution and secondly the beta distribution. Both 
results are found very similar. Based on calculated final lighting CMF, roadway lighting could 
reduce the number of night time collisions up to 65%, approximately. As can be seen, from 
Table 4.7 the final value for safety effectiveness of lighting (65%) is closer to the value obtained 
from analyzing the 250 m and the 750 m segment size samples. 
4.5 The Role of Segment Sizes on CMF 
Segment size plays an important role in statistical analysis of road safety. However, there is a 
lack of consensus among practitioners and researchers regarding the advisable range of values of 
segment sizes to partition a road network. The results of the analysis could be affected by the 
size chosen for the segments, and lead to obtain different results for the estimated coefficients of 
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the SPFs, and corresponding crash modification factors and the safety effectiveness of different 
countermeasures.  
At first one can expected that smaller segment sizes will contain more zero-accidents-counts 
which could cause some errors during accident modeling. Also, it becomes difficult (if not 
impossible) to capture geometric and operational attributes when studying small segment sizes. 
For example, when studying a collision reported in a short segment size, the segment length 
could be smaller than the actual curve’s length, failing to register the changes in super-elevations 
experienced by the driver or any other deficient operational or geometric characteristic 
responsible for the collision. However, measured lighting levels benefit from smaller segment 
sizes as they exhibit more accurately the actual values rather than average’s estimated over long 
segments that could experience large variations of lighting levels. The reverse statement is also 
true; for long or very long segment sizes; which could capture characteristics of two or more 
sites: per instance a curve and a straight segment will get their characteristics averaged, or a 
straight segment and an intersection. The average lighting level of a long segment is likely not to 
be accurate given the lack of relation between the specific site of the crash and the average 
amount of lighting estimated. Hence, it is expected that a road segment with medium size could 
overcome this sources of errors. The geometric and operational road characteristic could be 
captured clearly in medium segments sizes as they pertain to the type of site that is immediately 
located before the collision and so it is expected that the observe geometry and operational 
characteristics reveal better depiction of the deficient elements that could have led to the 
collision. For the case of medium segment sizes, the average lighting level would be somewhere 
in between those of large and short segments; that is an average value that acceptably reflects the 
visibility of the site.  
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4.6 Identifying the Ideal Segment Size 
Two samples of data were withdrawn from the main data set; the first sample consisted on a 
random 60% sample without replacement of the observed segments containing all their 
corresponding characteristics. The second subset was a random sample of 40% of the 
observations use for validation. Statistical software state was used to create these subsets.  
The previous analysis was repeated, first obtaining CMF values for each segment size as shown 
on Figure 4.2 for the 60% sample and on Figure 4.3 for the 40% sample. Motivated by the desire 
to abstract from the dependency to the segment size, all three values were combined to obtain a 
unique value through the Bayesian Data Fusion approach as previously done. This final result is 
left for the last portion of this section, first the analysis concentrates in the individual segment 
sizes results and the agreement to the prior expectations. 
When estimating crash modification factors, one would expect that the CMF value is positive, 
hence, the values of the 95% of the normal curve of the CMF should lay on the positive region. 
In addition, it is expected that the distribution of lighting crash modification factors (CMF) are 
related to the segment sizes: larger segment sizes are expected not to be so accurate; meanwhile 
very small segments are expected to show inconclusive evidence of positive modification. 
As seen on Figure 4.2 the trend observed on the previous analysis is repeated on the 60% sample 
results, the 500 meters segment group performs better and has less uncertainty than the 250 
meters group and the 750 meters group, correspondingly. The 750 meters group not only has the 
























Observed Lighting CMF per segment size (60% sample)
 
Figure 4.2: Observed distributions for lighting CMF for sample of 60% segments 
 
For the 40% sample on Figure 4.3, one can observe different results, the 750 meters has the 
smallest average but the most variation as before, meanwhile the 250 meters group has slightly 
better certainty but the highest CMF value (worst) and the 500 meters is placed in between both 




















Observed Lighting CMF per segment size (40% sample)
 
Figure 4.3: Observed distributions for lighting CMF for sample of 40% segments 
 
Another expectation of CMF is that larger and very small segment sizes should reflect worst 
results in terms of uncertainty. As seen on the previous figures the CMF of smaller and larger 
segment sizes did fulfil such assumption. It was also expected to observe a trend of uncertainty 
reduction and frequency increase, as one approaches the optimal segment size. Although, 
medium segment size of 500 meters did showed a good performance landing on the positive 
values and exhibiting less variation (uncertainty), both 250 meters and 750 meters did not 
showed a growing or decreasing trend with their means shifting either to the left or to the right of 
one each other as expected,  but rather resulted in the same average with similar dispersion, 
which leads one to question whether the CMF value of the 500 meters is correct (CMF= 0.26) or 
the other sizes should be considered given that their difference in length to 500 meters is not that 
large, possibly landing all three sizes in the same category (medium). This dilemma pushed this 
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research to integrate all three values and consider previous studies as another source of valuable 
information in order to abstract from segment size. It appears that both 250 meters and 750 
meters lay more in line with previous values of CMF obtained by other researchers. However, 
future research should attempt to establish CMF per range of segment size (1 to 5 kilometres) 
versus the 0 – 1 km values used herein.  
The last stage of the validation was the estimation of the consolidated value for CMF for the 
60% sample which reached a value of 0.41 and for the 40% sample which reached a value of 
0.41.  
4.7 When to provide Lighting 
Decisions can be done for the need to provide roadway lighting as a countermeasure. The 
decisions are based on the concept of potential for improvement and can be easily visualized on 
Figure 3.8. 
Decisions for providing lighting as a countermeasure can be studied by plotting expected number 
of collisions at sites with and without lighting and then comparing them with the observe number 
of collisions of a given site. Expected trends of night time collisions can be obtained using 
estimated regression coefficients and fitting regression equations to the observed cross-sectional 
data taking advantage of the system of filters to develop SPF for a specific type of site and road. 
 If the observed number of collisions is smaller than the expected number then the site is deemed 
as a good performer and lighting is not justifiable, otherwise the site is deemed a poor performer 
and lighting is expected to improve significantly the safety of it. 
 Figures 4.4, 4.5 and 4.6 show the expected number of collisions at road segments without 
intersections for residential areas under various levels of traffic volume. As it can be seen, non-lit 
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sites with a higher observed number of night time collisions (the black trend line) are sites that 
will definitely benefit from being illuminated. Sites with an observed number of collisions in 
between the expected trends for non-lit and lit will benefit from being illuminated. Sites with an 
observed number of night time collisions below the trend of illuminated sites (yellow line) 
should not be illuminated as they are already performing better than illuminated sites and by 
illuminating them one could theoretically observe a detriment in the level of collisions as 
observed by a study of Box (1970). 
 
 




































































CHAPTER 5: CONCLUSIONS 
 
It is possible to estimate collision modification factors with cross sectional data; however, there 
is a big dependency on the segment size. Medium segment sizes around 500 meters seem more 
suited than other studies sizes in this research, but these results are tied to the case study data and 
future research is required to confirm this. Bayesian data fusion can be used to abstract from 
different segment size assumptions and return a sole value used to justify investing public funds 
in roadway lighting. However, various analyses of the data partitioned by ad-hoc segment sizes 
is necessary.  
The case study presented found a collision modification factor of 0.34 for Quebec highways, 
hence justifying lighting as an effective counter measure. It was also found that the proposed 
model was able to produce CMF for various segment sizes. Segments of 750 meters exhibited a 
lot of uncertainty through their statistical distribution. 
Potential for improvement supported by specific safety performance functions for desired land 
uses and road sites type are very useful not only to identify visually sties that will benefit from 
receiving artificial lighting from those that will not, but also to prioritize sites that will observe 
large improvement (reduction of night time collisions) versus those where lighting will have no 
effect and provision of it will be a waste of money.  
This approach could be used in combination or as a replacement for the warrant system. Future 
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